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Abstract
Background: It has been understood that biological networks have modular organizations which are the sources
of their observed complexity. Analysis of networks and motifs has shown that two types of hubs, party hubs and
date hubs, are responsible for this complexity. Party hubs are local coordinators because of their high co-
expressions with their partners, whereas date hubs display low co-expressions and are assumed as global
connectors. However there is no mutual agreement on these concepts in related literature with different studies
reporting their results on different data sets. We investigated whether there is a relation between the biological
features of Saccharomyces Cerevisiae’s proteins and their roles as non-hubs, intermediately connected, party hubs,
and date hubs. We propose a classifier that separates these four classes.
Results: We extracted different biological characteristics including amino acid sequences, domain contents,
repeated domains, functional categories, biological processes, cellular compartments, disordered regions, and
position specific scoring matrix from various sources. Several classifiers are examined and the best feature-sets
based on average correct classification rate and correlation coefficients of the results are selected. We show that
fusion of five feature-sets including domains, Position Specific Scoring Matrix-400, cellular compartments level one,
and composition pairs with two and one gaps provide the best discrimination with an average correct
classification rate of 77%.
Conclusions: We study a variety of known biological feature-sets of the proteins and show that there is a relation
between domains, Position Specific Scoring Matrix-400, cellular compartments level one, composition pairs with
two and one gaps of Saccharomyces Cerevisiae’s proteins, and their roles in the protein interaction network as non-
hubs, intermediately connected, party hubs and date hubs. This study also confirms the possibility of predicting
non-hubs, party hubs and date hubs based on their biological features with acceptable accuracy. If such a
hypothesis is correct for other species as well, similar methods can be applied to predict the roles of proteins in
those species.
Background
Proteins are important components of all living organ-
isms. They are responsible for essential functions within
cells. Most proteins perform their biological functions
through interacting with other proteins [1]. Map of the
whole physical protein interactions inside an organism
forms a network called Protein Interaction Network
(PIN). Although large-scale PINs have already been
determined experimentally for several species; in general
there is a lack of protein interaction data for many spe-
cies, and the computational prediction of protein inter-
actions are still among the most wanted solutions in
protein bioinformatics [2]. These networks display scale-
free topologies which are characterized by the power
law distribution [3]. This means despite some negative
remarks [4], in general a small fraction of proteins called
hubs interact with many partners while majority of the
proteins called non-hubs, interact with only a few
others. Commonly proteins with more than eight inter-
actions in the PINs are hubs and those with less than
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mediately connected (IC) [5].
Hubs have special properties that attracted great inter-
ests from both engineering and biology communities;
random removal of non-hubs elicits no observable
change in the structure of the network, whereas removal
of hubs changes the structure of the network signifi-
cantly [6]. Hubs are interesting drug targets for cancer
research [7] also, it has been shown that there is a rela-
tionship between number of protein interactions and its
sequence conservation, and cellular properties which
can be used as identifiers for separating hubs from non-
hubs [8,9].
Hubs of the PINs are classified as static or Party Hubs
(PHs) which interact with most of their partners at the
same time or Dynamic or Date Hubs (DHs) which
change their interaction partners at different times or
locations. Although the exact reasons for why date hubs
change their partners are not clear yet, party and date
hubs of the PINs are specified from the analysis of their
gene co-expression profiles [10].
The study of PINs on a genome-wide scale is possible
through advances in high-throughput experimental
research. These experiments have generated large
amounts of interaction data for several species including
S. Cerevisiae [11-15], Escherichia coli [16], Drosophila
melanogaster [17], Caenorhabditid elegans [18], and
Homo sapiens [19,20]. The corresponding PINs are
accessible through databases such as IntAct [21] and
DIP [22].
Identification of hubs and non-hubs of a PIN is
usually performed through network construction. For
example hub object analyzer (Hubba) is a web-based
service for identifying hubs in an interactome network
generated from small- or large-scale experimental meth-
ods based on graph theory [23].
Computational approaches have also been developed
to predict these networks using text-mining techniques
[24,25], three dimensional structures [26-28], gene
proximity [29,30], gene fusion events [31,32], gene co-
expression [33-35], phylogenetic profiling [36], ortholo-
gous protein interactions [37], and identification of
interacting protein domains [38-41]. The levels of intrin-
sic disorder, surface charge and domain distribution in
hubs and non-hubs and differences in their functional
domains are also studied [42]. Flexibility of hubs and
comparison of date hubs and party hubs with non-hubs
is evaluated using temperature factors [43]. However, no
study has focused on separation of non-hubs from party
hubs and date hubs.
Some researchers utilize sequences, biological data
descriptors and Gene Ontology (GO) terms in identifi-
cation of hubs and non-hubs of four different species
[44-46]. However, they do not investigate the fusion of
biological features, and their classifier is not capable of
separating date hubs from party hubs.
Ekman et al. studied many different characteristics of
non-hubs, party hubs and date hubs of S. Cerevisiae
from domain features to protein age [5]. They showed
that hubs should share certain common features that
not only enable them to participate in several protein
interactions, but also can be used for the theoretical
identification of these hub proteins without prior knowl-
edge of corresponding PINs.
The concepts of party hubs and date hubs are first
proposed by Hen et al. based on gene co-expressions,
using filtered yeast microarray data [10]. Based on
another filtered yeast data set no evidence for coexis-
tence of party hubs and date hubs is reported [47].
Agarwal et al. showed that small subsets of date hubs
are important for network connectivity [48]. Party and
date hubs are also studied using network motifs by Jin
et al. [49]. They have found two types of hubs named
motif party hubs (mPHs) and motif date hubs (mDHs).
The authors showed that mPHs and mDHs display dis-
tinct biological functions. They also showed that hubs
affect the topological structure of the network differ-
ently, that is deleting PHs has little influence on the net-
work structure while deleting DHs breaks the network
into many fragments. These observations emphasise the
importance of identifying not only hubs from non-hubs,
but also PHs from DHs. PHs and DHs control the
architecture of the biological networks differently, and
they are sources of biological complexity observed in
the modular organization of such networks.
In the literature, there is no mutual agreement on the
concepts of party and date hubs. In this paper we study
the relation of biological features to the concepts of
non-hubs, intermediately connected, party hubs, and
date hubs. The relation between protein roles in a net-
work and their biological characteristics may confirm
the existence of party and date hubs.
This paper is focused on answering the following
question: “Which features should be used to better discri-
minate non-hubs, party hubs and date hubs in a PIN?“
A related sub-question is “What classification methods
more effectively discriminate these classes?“ In our
experiments, we concentrate on S. Cerevisiae’sp r o t e i n s
however, the proposed feature analysis methodology
should be applicable to similar studies.
We formulated the problem as below: For a specific
protein, assume n feature vectors from presumably n
different sources
Xx x x Xx x x kn n n n k n 11 1 1 21 1 2 1 == ( , ,..., ),..., ( , ,..., ), (1)
where i-th feature vector consists of ki features, and
i = 1,2,...,n. A classifier is a mapping from features space
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hubs, intermediately connected, party hubs, and date
hubs of the PIN.
In this paper, different features, including amino acid
sequences, domain contents, repeated domains, func-
tional categories, biological process, cellular compart-
ment, disordered regions, and Position Specific Scoring
Matrix (PSSM), from various sources are extracted and
studied. Some of these features have already been stu-
died in identification of protein interactions or separat-
ing hubs from non-hubs [46], but they have not been
used for discrimination between party hubs and date
hubs of a PIN. However, in this work, we investigate all
these features and some new ones. For example, evolu-
tionary information in the form of PSSM has been used
for prediction of protein secondary structure [50,51],
and it has recently been used for predicting sub cellular
localization of proteins [52,53]. However, in our study,
P S S Mh a sb e e nu s e da sas e to ff e a t u r e sf o ri d e n t i -
fication of four classes of proteins in the PIN of S.
Cerevisiae.
Results and Discussion
The Protein Interaction Networks (PINs) of many
organisms are not fully determined yet. In the absence
of complete PIN data, identification of non-hubs, party
hubs, and date hubs based on their biological features
becomes increasingly important. Drug design and study
the modular organization and complexity of PINs
are among the applications that benefit from such
identification.
We focused on S. Cerevisiae, a species of budding
yeast, in our experiments. S. Cerevisiae’s identified PINs
have approximately 16,000 to 40,000 interactions
between its approximately 6,000 proteins. The data of S.
Cerevisiae’s non-hubs (NHs), Intermediately Connected
(ICs), Party Hubs (PHs), and Date Hubs (DHs) was
obtained from the supplementary material provided by
Ekman et al. [5]. Table 1 shows the frequency of these
four classes in S. Cerevisiae PIN.
In our experiments, we examine seventeen different
biological characteristics of proteins including amino
acid sequences, domain contents, repeated domains,
functional categories, biological processes, cellular
compartments, disordered regions, and Position Specific
Scoring Matrix (PSSM) as feature-sets. We classify Yeast
p r o t e i n si n t of o u rc l a s s e so fN H s ,I C s ,P H s ,a n dD H s
based on each feature-set separately.
The available data is bisected to 70% and 30% portions
which are used for training and testing purposes, respec-
tively. Training and testing samples are selected from
each of four classes, separately and randomly. Moreover,
the training sets are partitioned into five parts for 5-fold
cross validation.
Input Feature Reduction Methods
We used different methods of feature reduction includ-
ing Principle Component Analysis (PCA), Non-Linear
PCA (NL-PCA), and Independent Component Analysis
(ICA) to reduce the size of all seventeen input feature-
sets. Our experimental results show that supervised
PCA is the most effective method in feature reduction.
The number of features in each feature-set shrinks to
three combined features using supervised PCA.
Base Classifiers
We used the seventeen reduced features-sets as the
input for seventeen homogenous classifiers. We exam-
ined three base classifiers, including K-Nearest Neigh-
bours (KNN), Bayes with Gaussian Probability Density
Function (PDF), and Bayes with Mixture Density Model
(MDM) PDF as base classifiers. The MDM is built with
different number of PDFs for different classes. Bayes
classifier with KNN and Parzen nonparametric estima-
tion of PDF are examined as well. However, since pro-
tein labels are discrete, many neighbours of a protein
have overlapping labels. Therefore, KNN and Parzen
PDF estimators do not perform well in these cases. Our
results confirm this intuition; therefore we concentrate
on parametric PDF estimation methods.
A summary of the results from different base classi-
fiers have been shown in Table 2. In these tables average
CCR is the average of Correct Classification Rate for the
four classes of NHs, ICs, PHs, and DHs based on their
confusion matrix. Correlation coefficient of the actual
and predicted labels is also computed for each method.
The results show that in average, KNN is the least per-
forming classifier compared to Bayes classifier with
Gaussian and MD model as PDF estimators.
Feature Selection
We studied all the feature-sets and their classification
results. These studies show that amino acid composi-
tions and 48 physicochemical properties have sensitivity
equal to one and specificity equal to zero. Zero specifi-
city means that these feature-sets cannot discriminate
true negative samples properly and they are not good
candidates for separating protein classes.
Table 1 Distribution of four classes of proteins in
S. Cerevisiae’s PIN
Class Label Number (Percentage) of Proteins
Non-Hub (NH) 4796 (81.4)
Intermediately Connected (IC) 575 (09.8)
Party Hub (PH) 195 (03.3)
Date Hub (DH) 322 (05.5)
Total 5,888 (100)
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sifier for each feature-set is shown in Table 2. Bayes
classifier with Gaussian PDF work best for some of the
feature-sets, while Bayes classifier with MDM PDF
works better for others. That means the features such as
domain, repeated domain, and Haralick have almost
Gaussian distribution because the MD model does not
improve the average CCR of the results. Most sequence
related data performs better with the MDM and they
a r ea s s u m e dt oh a v ean o n - u n i m o d a ln o n - G a u s s i a n
probability density function. Based on the results shown
in Table 2, six of feature categories can discriminate
protein classes significantly better than the others in
terms of average CCRs of classifiers and correlation
coefficients of the results: repeated domains, domains,
PSSM-400, cellular compartment level one, and amino
acid composition pairs with two and one gaps.
Feature Fusion
From the results of best base classifiers in the previous
section, it is clear that most of the classifiers are weak
learners. A good approach to deal with this problem is
to fuse classifiers. If they are each expert in part of the
studied subject, on the whole, it is expected that their
fusion obtains better results. Here we opt an input fea-
ture fusion approach.
Another question is that how many of the input fea-
tures should be fused. We first combined all the
reduced input feature-sets and achieved an average CCR
of 68.3%. That is a reasonable result because some of
the tested features are not good candidates for separat-
ing our four classes of hubs and non-hubs and they
reduce the final classification rate. We then used the fol-
lowing greedy forward selection algorithm to find the
best fusion of feature-sets. At each step, one of the fea-
ture-sets with highest discrimination capability is added
to the set of input features of the classifier, and if the
average CCR and correlation coefficients are better than
the previous combination, this feature-set is augmented
to the base classifier’s input feature-set. This process
continuous until adding a new feature-set reduces the
performance of the classification based on specified
parameters.
Domain features alone have an average classification
of 67% and a correlation coefficient of 58.9% and there-
fore they form our best feature-set. The final feature-
sets that we chose are domains, PSSM-400, cellular
compartment level one, and composition pairs with one
and two gaps. We reached to an average CCR of 74.9%
among four classes using Bayes classifier with Gaussian
PDF. Results of step by step combination of input fea-
ture-sets are shown in Table 3. In this table, average
CCR of each combination of feature-sets and their cor-
responding confusion matrix are shown. Adding any
more features reduces the average CCR.
We have also tested the effects of using composition
pairs with more than two gaps. These features have a
slight effect on the results. We tested different combina-
tion of gapped composition pairs with other best
selected features. The average CCR of the classifier
changes by 0.8% using composition pairs with three and
one gap together.
Minimum Risk Classifiers as a Solution to Classify
Unbalanced Data Sets
As shown in Table 2 and Table 3, in most cases classi-
fiers do not work well when the number of available
samples from each class is not the same and risk of cor-
rect hub classification is higher than that of non-hubs.
To see if risk management improves the results, mini-
mum risk version of the selected base classifiers are also
examined. Results are shown in Table 4, where the fol-
lowing cost matrix is used:
L =
⎡
⎣
⎢
⎢
⎢
⎢
⎤
⎦
⎥
⎥
⎥
⎥
00 1 0 2 0 2
01 0 02 02
09 09 0 02
09 09 02 0
...
.. .
.. .
...
. (2)
The results with the selected best feature-sets and dif-
ferent maximum number of PDFs in the MDM are
shown in Table 5. We achieved an average CCR of
73.7%, and a correlation coefficient of 72.1%.
Table 2 Base classifiers comparison based on different
feature-sets
Feature Average CCR (Corr. Coef.) %
KNN Bayes with
Gaussian PDF
Bayes with
MDM PDF
Amino Acid compositions 26.0 (11.5) 25.0 (50.0) 33.6 (15.0)
Dipeptides 31.7 (21.8) 31.5 (25.1) 43.9 (36.8)
PairsComp1Gap 31.5 (23.7) 31.6 (27.2) 43.0 (29.4)
PairsComp2Gaps 30.7 (21.0) 31.8 (25.7) 45.9 (34.4)
Haralick Features 26.9 (03.5) 26.6 (06.1) 26.0 (07.8)
48 physicochemical prop. 26.6 (10.3) 25.0 (50.0) 29.4 (13.5)
Biological Process level 1 31.8 (16.8) 27.8 (16.4) 34.3 (18.8)
Biological Process level 2 33.0 (22.2) 33.5 (18.0) 30.9 (14.1)
Cellular level 1 32.7 (25.8) 27.0 (19.0) 35.4 (29.5)
Cellular level 2 31.4 (28.5) 31.0 (20.2) 28.2 (14.5)
Functional Process level 1 30.0 (10.9) 27.3 (08.4) 27.6 (11.6)
Functional Process level 2 28.2 (15.8) 30.5 (17.9) 28.3 (15.7)
Domains 56.0 (60.0) 67.1 (58.9) 63.7 (55.5)
Repeated Domains 57.0 (59.3) 66.6 (57.7) 65.7 (57.1)
Disordered Regions 26.5 (07.5) 25.2 (-4.0) 27.2 (13.3)
PSSM-20 26.2 (08.4) 26.0 (08.4) 26.0 (09.3)
PSSM-400 37.0 (35.8) 42.6 (42.1) 54.1 (47.9)
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mination of party and date hubs, minimum risk versions
of our best classifiers, Bayes with Gaussian and Mixture
Density Model PDFs, are tested. As it is shown in Table
6, the Minimum Risk Bayes classifier with Gaussian PDF
outperforms the MD model.
A summary of the effectiveness of the both classifiers
(Minimum Risk Bayes Gaussian and MDM) is shown in
Table 6. Combination of the best feature-sets shows an
average CCR of 77% among four classes, and correlation
coefficient of 69.4% on the Minimum Risk Bayes classi-
fier with Gaussian probability distribution.
A summary of the predicted labels in both classifiers
(Minimum Risk Bayes Gaussian and MDM) are shown
in Table 7.
We computed four metrics of specificity, sensitivity,
Positive Predictive Value (PPV), and Negative Predictive
Value (NPV) for multiclass classification. Results for the
best classifier (Minimum Risk Bayes with Gaussian dis-
tribution) and the best feature-set combinations are
shown in Table 8. These features can create an image of
the final multi-class classifier effectiveness. Refer to the
method section for details on their calculations. In addi-
tion to these metrics, Receiver Operator Characteristics
Table 3 Fusion of feature-sets with Gaussian Bayes
classification
Feature Fusion Average CCR
(Corr. Coef.)%
Confusion Matrix %
NH IC PH DH
All Features 68.3(62.3) NH 89.8 06.7 01.0 02.6
IC 34.4 58.0 03.2 04.5
PH 14.9 13.5 63.5 08.1
DH 22.1 14.7 01.1 62.1
Domains 67.0(58.9) NH 90.9 03.4 01.9 03.8
IC 36.3 47.8 04.5 11.5
PH 18.9 02.7 71.6 06.8
DH 20.0 08.4 13.7 57.9
Domain 66.8(58.0) NH 89.1 03.5 03.5 03.8
RepDomains IC 35.7 47.1 06.4 10.8
PH 14.9 04.1 73.0 08.1
DH 16.8 10.5 14.7 57.9
Domains 70.9(64.8) NH 90.2 04.4 02.5 02.9
RepDomains
PSSM-400
IC 35.0 53.5 06.4 05.1
PH 10.8 05.4 75.7 08.1
DH 14.7 07.4 13.7 64.2
Domains 71.7(65.4) NH 91.5 04.0 01.5 03.1
PSSM-400 IC 35.0 53.5 04.5 07.0
PH 12.2 06.8 74.3 06.8
DH 16.4 06.3 09.5 67.4
Domains 74.0(67.1) NH 91.2 04.2 01.6 03.0
PSSM-400 IC 31.8 57.3 05.1 05.7
Cellular1 PH 12.2 05.4 75.7 06.8
DH 14.7 06.3 06.3 72.6
Domains 74.7(69.3) NH 91.7 04.4 01.5 02.5
PSSM-400 IC 31.8 58.0 05.1 05.1
Cellular1 PH 09.5 08.1 75.7 06.8
CompPair2Gaps DH 15.8 05.3 05.3 73.7
Domains 74.9(69.9) NH 92.1 04.1 01.5 02.2
PSSM-400 IC 31.2 59.2 05.1 04.5
Cellular1 PH 13.5 06.8 74.3 05.4
Table 4 Minimum Risk extension of base classifiers on
different feature-sets
Feature Average CCR (Corr. Coef.) %
Min Risk
KNN
Min Risk
Bayes
with
Gaussian
PDF
Min Risk
Bayes
with MDM
PDF
Amino Acid
compositions
30.2 (14.2) 29.4 (50.0) 28.4 (14.8)
Dipeptides 34.8 (26.2) 43.5 (25.1) 45.0 (34.0)
PairsComp1Gap 35.7 (26.9) 41.8 (27.2) 42.7 (29.0)
PairsComp2Gaps 37.0 (29.6) 41.1 (25.7) 45.6 (33.6)
Haralick Features 27.9 (07.6) 28.4 (06.1) 26.3 (06.1)
48 physicochemical
prop.
29.5 (13.5) 29.0 (50.0) 29.0 (15.5)
Biological Process
level 1
32.0 (19.2) 30.4 (16.3) 30.4 (14.9)
Biological Process
level 2
34.1 (25.2) 35.7 (18.0) 37.7 (16.5)
Cellular level 1 34.2 (23.8) 35.4 (19.0) 36.6 (34.2)
Cellular level 2 35.8 (30.3) 34.0 (20.2) 36.6 (31.8)
Functional Process
level 1
29.6 (17.3) 28.1 (08.4) 31.6 (14.5)
Functional Process
level 2
29.6 (21.9) 33.2 (17.9) 30.6 (15.8)
Domains 60.5 (57.9) 67.5 (58.9) 67.8 (57.1)
Repeated Domains 59.6 (57.0) 67.4 (57.7) 63.9 (55.7)
Disordered Regions 27.0 (07.2) 26.1 (02.6) 27.7 (08.9)
PSSM-20 26.8 (06.1) 26.3 (08.4) 25.6 (01.7)
PSSM-400 43.8 (33.2) 49.8 (42.1) 54.0 (48.0)
Table 5 MDM Bayes classification with different number
of PDFs for the best feature-set
Number of PDFs Average CCR
(Corr. Coef.)%
2 73.0 (70.5)
3 73.7 (70.7)
4 73.3 (72.1)
5 72.1 (70.6)
Mirzarezaee et al. BMC Systems Biology 2010, 4:172
http://www.biomedcentral.com/1752-0509/4/172
Page 5 of 11(ROC) curves for binary separation of NHs, ICs, PHs,
and DHs with their corresponding AROC values are
shown in Figure 1.
Analysis of the Results
The final feature-set seems reasonable since in eukar-
yotes an increased number of domain combinations are
found. Also it is reasonable that a multi-domain pro-
tein can bind to many different proteins and the ratio
of hub proteins which are multi-domain in the network
is more than that of non-hub proteins. Since many
repeated domains have binding functions, it is also rea-
sonable that these proteins have more connectivity
than single domain proteins and hub proteins with
repeated domains are more probable than non-hubs in
network. PSSMs represent the conserved motifs in pro-
tein families and because of the important roles of hub
proteins and more connectivity of them, PSSM con-
tains information for prediction of protein classes.
Majority of the interactions occur between proteins in
the same sub-cellular compartment and hub proteins,
and their connected partners should be in the same
compartment. Then cellular compartment information
can help in discrimination of protein classes. It has
been shown that the dipeptide compositions of pro-
teins are important parameters for protein structure
and have been used extensively to enhance the predic-
tion quality for protein structural contents and cellular
location [54,55].
Conclusions
In this paper, we proposed a classification method for
proteins of Saccharomyces Cerevisiae.T h e s ep r o t e i n s
were classified into four classes of non-hubs, intermedi-
ately connected, party hubs, and date hubs, based on
their biological properties. Few works on identification
of hubs in Protein Interaction Networks (PINs) have
been done before, and to the best of our knowledge,
none of them studied the discrimination of party hubs
and date hubs.
Date hubs are important proteins of the network
because they are the sources of observed dynamics. In
this work, different protein feature categories including
amino acid sequences, domain contents, repeated
domains, functional categories, biological process, cellu-
lar compartment, disordered regions, and position speci-
fic scoring matrix were studied. Different methods of
feature reduction including PCA, NL-PCA, and ICA
were examined. We showed that supervised PCA was
the most effective method. The reduced features from
each category were utilized as the inputs to homogenous
base classifiers. Different base classifiers including KNN,
Bayes classifier with different parametric and non-para-
metric estimations of probability density function were
investigated. Among different base classifiers, Bayes clas-
sifier with Gaussian distribution performs better with
five feature categories of domains, PSSM-400, cellular
compartment level one, and composition pairs with two
and one gaps. The classifier results were compared
based on average Correct Classification Rate (CCR) and
correlation coefficients.
Combination of the best feature-sets showed an aver-
age CCR of 77% among four classes, and a correlation
coefficient of 69.4% on the minimum risk Bayes classi-
fier with Gaussian probability distribution.
We will further investigate other features such as 3 D
structure of proteins in the future. The proposed feature
analysis methodology can be applied to other species to
predict unknown party and date hubs.
Methods
Extracted Protein Features
Amino Acid Sequences
Proteins are defined by their unique sequence of amino
acid residues; these sequences are one of the
Table 6 Comparison of Minimum Risk classifiers on best
fused features
Classifier Average CCR
(Corr. Coef.)%
Confusion Matrix %
NH IC PH DH
Bayes with Gaussian PDF 77.0(69.4) NH 90.8 03.7 01.8 03.6
IC 29.3 55.4 06.4 08.9
PH 08.1 04.0 79.7 08.1
DH 07.4 05.3 05.3 82.1
Bayes with MDM PDF 74.4(69.6) NH 91.8 03.1 02.6 02.5
IC 31.2 49.7 08.3 10.8
PH 10.8 0.0 82.4 06.8
DH 11.6 03.2 11.6 73.7
Table 7 Predicted labels from both Min Risk Bayes
classifiers with Gaussian and MDM models
NHs ICS PHs DHs Average CCR Corr. Coef.
Gaussian 1400 164 89 113 77.0 69.4
MDM 1384 111 127 144 74.4 69.6
True Labels 1440 157 74 95 - -
Table 8 PH/DH/NH prediction results in S.Cerevisiae
Sensitivity% Specificity% PPV% NPV%
NHs vs. Others 90.8 81.9 95.7 66.9
ICs vs. Others 55.4 96.2 58.4 95.7
PHs vs. Others 79.6 97.6 59 99.1
DHs vs. Others 82.1 95.7 52 98.9
PH+DH vs. Others 87.5 93.6 59.2 98.6
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acid sequences of S. Cerevisiae are obtained from NCBI
http://www.ncbi.nlm.nih.gov on Jan. 2009. Six different
groups of features are extracted from sequence data. In
the sequel these features are briefly reviewed.
Amino Acid Compositions
Amino acid compositions (AAC) encapsulate the vari-
able length protein sequences into fixed length -twenty
dimensional- feature vectors [55]. AAC is the fraction of
each amino acid in a protein sequence. The feature vec-
tor extracted from a protein sequence can be expressed
by 20 coordinates, corresponding to 20 standard amino
acids. The ACCs are calculated according to the follow-
ing formula:
comp i R N i i ( ) , , ,..., , == 12 2 0 (3)
where Ri is the number of amino-acid of type i, and N
is the total number of amino-acids in a protein, that is,
the length of that protein.
Dipeptide Compositions
Dipeptide Compositions (DC), amino acid composition
pairs, are also computed from primary sequences [56].
DC is the occurrence frequencies of two consecutive
Figure 1 Roc Curves and AROC values for Separating NHs, ICs, PHs, and DHs.
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protein sequences can be expressed by 400 coordinates.
The advantage of dipeptides over amino acid composi-
tion is that they encapsulate information about the frac-
tion of amino acids as well as their local order.
Dipeptides are calculated according to the following for-
mula:
dpep i D N i i ( ) ( ), , ,..., , =− = 1 1 2 400 (4)
where Di is the number of dipeptide of type i and N is
the length of protein.
Amino Acid Composition Pairs with Gap
This feature calculates the fraction of some special pat-
terns, like “AxB“, inside the whole protein sequence,
where A and B are certain known amino acids, while
the gap “x” can be any amino acid. Up to four gaps are
usually considered [56]. Amino acid composition pairs
with k gaps are calculated according to the following
formula:
gapped dip i E i N k i kk _ ( ) ( ) ( ), , ,..., , =− − = 1 1 2 400(5)
where Ek(i) is the number of composition pairs with k
gaps of type i,a n dN is the length of protein. This fea-
ture also has a fixed length of 400.
Co-occurrence Matrix and Features
One may notice the similarity between amino acid com-
position pairs with gaps and co-occurrence matrix in tex-
ture analysis [57]. This analogy encourages us to use
those features defined on co-occurrence matrix to char-
acterize co-occurrence patterns in amino acid sequences.
The co-occurrence matrix in our study is a 20 by 20
matrix, where each column (or row) represents an amino
acid. The elements of co-occurrence matrix come from
(5). Some commonly used features are calculated from
co-occurrence matrix, including: energy, correlation, iner-
tia, entropy, inverse difference moment, sum average,
sum variance, sum entropy, difference average, difference
variance, difference entropy, and information measure of
correlation. They are calculated as mentioned in [57].
Length of a Sequence
Proteins have different sequences with different lengths.
Length of a protein is extracted as another feature.
Physicochemical Properties
Physicochemical properties of proteins like aromaticity,
flexibility, and polarity are used as features. 48 features
of this kind are introduced by Yu [58]; where for each
feature the fraction of amino acids with that feature in a
protein sequence is computed. For example aromatic
property is the property of H, F, W, and Y amino acids.
Now, for a protein, the total number of amino acids
from this group to the length of protein is a measure of
aromaticity.
Domain Contents and Repeated Domains
We extract domains of each protein from InterPro web-
site http://www.ebi.ac.uk/interpro based on their Uni-
Port codes. This data is extracted on June 2009. The
total number of domains used in any of the S. Cerevi-
siae’s Proteins is 1816. An array of the length 1816 is
constructed for each protein of the S. Cerevisiae,w h e r e
if the specific domain exists in that protein the corre-
sponding cell is set to one otherwise it is set to zero.
Repeated domains are defined as two adjacent Domains
from the same family. This feature-set is provided by
Ekman et al. [5].
Functional Categories, Biological Process, and Cellular
Compartments
The Gene Ontology(GO) has categorized the proteins of
different organisms based on their functions, biological
processes and cellular compartments in the cell [59-61].
These categories formed a graph based on which one
can find these protein features with different levels of
details. The file containing the whole GOs is obtained
from GO website http://www.geneontology.org.
First, second and third level of functional categories,
biological processes, and cellular compartment of each
S. Cerevisiae’s proteins are extracted from July 2009 GO
release. At the second level of the GO hierarchy, S. Cer-
evisiae proteins are classified into 19 different biological
process, 8 different cellular compartments and 15 differ-
ent molecular functions. In the third level, this grouping
changes to 65 biological processes, 33 cellular compart-
ments and 60 molecular function categories. These fea-
tures are numerically coded in an array with the length
of maximum number of available categories for each
class. For each protein its biological process, cellular
compartment and molecular function at level two and
three of details are used as features.
Disordered Regions
Disordered regions -regions that lack a clear structure-
are suggested to be important for flexible or rapidly
reversible binding. To study whether disordered regions
can separate four protein classes of interest, the relevant
features are calculated as explained by Ekman et al.[ 5 ]
using Dispred2 [62] at a 5% expected rate of false
positives.
Position Specific Scoring Matrix
Position Specific Scoring Matrix (PSSM) is a commonly
used representation of motifs (patterns) in biological
sequences. They are derived from searching homolo-
gies in a protein database using multiple sequence
alignment. This matrix of score values provides a
weighted match to any amino acid symbol -a substring
with fixed length. It has one row for each symbol of
the amino acids, and one column for each position in
the sequence [63].
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ated by PSI-BLAST search against ‘nr’ database using
three iterations while e-value of cut off is 0.001 [64].
T w ov e c t o r sw i t hd i m e n s i o n s2 0 ,a n d4 0 0 ,n a m e l y
PSSM-20, and PSSM-400 are generated from PSSM
matrix. PSSM-20 is a simple composition of occurrences
of each type of amino acids in the protein sequences of
its homologues. In PSSM400, instead of one column for
each amino acid residue, 20 values, corresponding to 20
standard amino acids types, are assumed. Hence, PSSM-
400 is a vector of dimensions 20 by 20.
Feature Selection
Three popular feature selection methods are used for
dimensionality reduction of protein feature-sets includ-
ing unsupervised and supervised Principle Component
Analysis (PCA) [65], Non-linear PCA (NL-PCA) [66],
and Independent Component Analysis (ICA) [67]. Each
feature selection method is coupled with different classi-
fiers, where results point at supervised PCA as the pre-
ferred feature selection method.
Classification Methods
After applying feature reduction to separate feature-sets,
different homogenous multi-class classifiers are applied
to each feature-set. Here utilized classifiers are briefly
introduced.
k-Nearest Neighbor Classifier
In k-Nearest Neighbor (KNN) classification [68], a
majority voting among class labels of k nearest neigh-
bors to a query protein determines the role of the pro-
tein. In this research, Euclidean distance is utilized as a
distance measure. The best value for k is chosen by
cross validation.
Bayes Classifier
In Bayesian decision theory the optimal class labels are
chosen to minimize the probability of classification error
[69]. In this framework we need to know a priori distri-
bution of classes as well as class conditional Probability
Density Functions (PDFs) for all classes. We opt two
model based methods for PDF estimation.
I. Gaussian PDF Estimation
Perhaps the most commonly encountered PDF in prac-
tice is the Gaussian or Normal density function. We
assumed the general multivariate form of normal density
function, where mean and covariance of the PDF are
estimated by means of training samples.
II. Mixture Density Model for PDF Estimation
Mixture Density Model (MDM) provides a more flexible
model for PDF, by convex linear combination of simple
component PDFs. The MDM is particularly good in
modeling non-unimodal PDFs. The MDM can virtually
approximate any arbitrary continuous PDF with the
chosen accuracy, provided that sufficiently large number
of component PDFs are combined and appropriate
model parameters are estimated [70]. In this paper we
used Gaussian PDF as component PDF.
Minimum Risk Classification Methods
When different errors in classification associate with dif-
ferent costs for the user, the probability of classification
error is not the best criterion for classification. Mini-
mum risk classifier is a variant for Bayes classifier
designed to handle this situation [68]. A risk function is
defined and minimized instead of error probability. In
our classification problem PINs have many non-hub
samples as compared to hubs, and correct identification
of hubs is more important than non-hubs or intermedi-
ately connected proteins. As a result, minimization of
risk function instead of error probability seems to be
reasonable.
Feature Fusion
The main goal of feature fusion is to increase the gener-
alization capability of the classifiers. Each classifier is
trained on a limited set of features. Thus pattern of clas-
sification error can be different from one classifier to
another. Combination of input features of classifiers
may hopefully results in a better performance [71]. In
this problem we have fused the input feature-sets and
studied which combination improves the performance
of classification.
Evaluation of the classifiers’ Outputs
Four characteristics of specificity, sensitivity, Positive
Predictive Value (PPV) and Negative Predictive Value
(NPV) which are usually used for binary classifications
are computed for the multi-class variant and used as a
measure for evaluating classifiers’ outputs according to
the following formulas:
Sensitivity
TP
TP FN
PPV
TP
TP FP
Specificity
TN
TN FP
NPV
TN
TN
=
+
=
+
=
+
=
,
+ + FN
(6)
where TP, TN, FP, and FN stands for True Positive,
False Positive, True Negative, and False Negative
respectively.
Acknowledgements
Authors would like to thank Professor Arne Elofsson for providing them with
Repeated Domains data. This work was supported in part by a grant from
NIGEB (No. 391) and IPM (No. CS1389-0-01).
Author details
1Department of Computer Engineering, Islamic Azad University, Science and
Research Branch, Tehran, Iran.
2Control and Intelligent Processing Center of
Excellence, School of Electrical and Computer Engineering, University of
Tehran, Tehran, Iran.
3School of Cognitive Sciences, Institute for Research in
Fundamental Sciences, IPM, Tehran, Iran.
4National Institute of Genetic
Mirzarezaee et al. BMC Systems Biology 2010, 4:172
http://www.biomedcentral.com/1752-0509/4/172
Page 9 of 11Engineering and Biotechnology (NIGEB), Tehran, Iran.
5School of Computer
Sciences, Institute for Research in Fundamental Sciences, IPM, Tehran, Iran.
Authors’ contributions
All authors participated in the design of the study and interpreting the
results. MM implemented the method. The manuscript was written by MM
and MS. All authors read and approved the final manuscript.
Received: 17 March 2010 Accepted: 19 December 2010
Published: 19 December 2010
References
1. Barabasi AL, Oltvai ZN: Network biology: understanding the cell’s
functional organization. Nat Rev Genet 2004, 5:101-113.
2. Tramontano A: The Ten Most Wanted Solutions in Protein Bioinformatics Boca
Raton: Chapman & Hall/CRC; 2005.
3. Albert R: Scale-free networks in cell biology. J Cell Sci 2005, 118:4947-4957.
4. Tanaka R, Yi T-M, Doyle J: Some protein interaction data do not exhibit
power law statistics. FEBS Letters 2005, 579:5140-5144.
5. Ekman D, Light S, Bjorklund AK, Elofsson A: What properties characterize
the hub proteins of the protein-protein interaction network of
Saccharomyces cerevisiae? Genome Biol 2006, 7:R45.
6. Albert R, Jeong H, Barabasi AL: Error and attack tolerance of complex
networks. Nature 2000, 406:378-382.
7. Apic G, Ignjatovic T, Boyer S, Russell RB: Illuminating drug discovery with
biological pathways. FEBS Lett 2005, 579:1872-1877.
8. Jeong H, Mason SP, Barabasi AL, Oltvai ZN: Lethality and centrality in
protein networks. Nature 2001, 411:41-42.
9. He X, Zhang J: Why do hubs tend to be essential in protein networks?
PLoS Genet 2006, 2:e88.
10. Han JD, Bertin N, Hao T, Goldberg DS, Berriz GF, Zhang LV, Dupuy D,
Walhout AJ, Cusick ME, Roth FP, Vidal M: Evidence for dynamically
organized modularity in the yeast protein-protein interaction network.
Nature 2004, 430:88-93.
11. Uetz P, Giot L, Cagney G, Mansfield TA, Judson RS, Knight JR, Lockshon D,
Narayan V, Srinivasan M, Pochart P, Qureshi-Emili A, Li Y, Godwin B,
Conover D, Kalbfleisch T, Vijayadamodar G, Yang M, Johnston M, Fields S,
Rothberg JM: A comprehensive analysis of protein-protein interactions in
Saccharomyces cerevisiae. Nature 2000, 403:623-627.
12. Ito T, Chiba T, Ozawa R, Yoshida M, Hattori M, Sakaki Y: A comprehensive
two-hybrid analysis to explore the yeast protein interactome. Proc Natl
Acad Sci USA 2001, 98:4569-4574.
13. Ho Y, Gruhler A, Heilbut A, et al: Systematic identification of protein
complexes in Saccharomyces cerevisiae by mass spectrometry. Nature
2002, 415:180-183.
14. Gavin AC, Aloy P, Grandi P, et al: Proteome survey reveals modularity of
the yeast cell machinery. Nature 2006, 440:631-636.
15. Krogan NJ, Cagney G, Yu H, et al: Global landscape of protein complexes
in the yeast Saccharomyces cerevisiae. Nature 2006, 440:637-643.
16. Butland G, Peregrín-Alvarez JM, Li J, Yang W, Yang X, Canadien V,
Starostine A, Richards D, Beattie B, Krogan N, Davey M, Parkinson J,
Greenblatt J, Emili A: Interaction network containing conserved and
essential protein complexes in Escherichia coli. Nature 2005, 433:531-537.
17. Giot L, Bader JS, Brouwer C, et al: A protein interaction map of Drosophila
melanogaster. Science 2003, 302:1727-1736.
18. Li S, Armstrong CM, Bertin N, et al: A map of the interactome network of
the metazoan C. elegans. Science 2004, 303:540-543.
19. Rual JF, Venkatesan K, Hao T, et al: Towards a proteome-scale map of the
human protein-protein interaction network. Nature 2005, 437:1173-1178.
20. Stelzl U, Worm U, Lalowski M, Haenig C, Brembeck FH, Goehler H,
Stroedicke M, Zenkner M, Schoenherr A, Koeppen S, Timm J, Mintzlaff S,
Abraham C, Bock N, Kietzmann S, Goedde A, Toksöz E, Droege A,
Krobitsch S, Korn B, Birchmeier W, Lehrach H, Wanker EE: A human protein-
protein interaction network: a resource for annotating the proteome.
Cell 2005, 122:957-968.
21. Hermjakob H, Montecchi-Palazzi L, Lewington C, Mudali S, Kerrien S,
Orchard S, Vingron M, Roechert B, Roepstorff P, Valencia A, Margalit H,
Armstrong J, Bairoch A, Cesareni G, Sherman D, Apweiler R: IntAct: an
open source molecular interaction database. Nucleic Acids Res 2004,
D452-455.
22. Salwinski L, Miller CS, Smith AJ, Pettit FK, Bowie JU, Eisenberg D: The
Database of Interacting Proteins. Nucleic Acids Res 2004, D449-451.
23. Lin CY, Chin CH, Wu HH, Chen SH, Ho CW, Ko MT: Hubba: hub objects
analyzer - a framework of interactome hubs identification for network
biology. Nucleic Acids Research 2008, 36:438-443.
24. Daraselia N, Yuryev A, Egorov S, Novichkova S, Nikitin A, Mazo I: Extracting
human protein interactions from MEDLINE using a full-sentence parser.
Bioinformatics 2004, 20:604-611.
25. Hoffmann R, Krallinger M, Andres E, Tamames J, Blaschke C, Valencia A: Text
mining for metabolic pathways, signaling cascades, and protein
networks. Sci STKE 2005, 283:pe21.
26. Lu L, Lu H, Skolnick J: MULTIPROSPECTOR: an algorithm for the
prediction of protein-protein interactions by multimeric threading.
Proteins 2002, 49:350-364.
27. Aloy P, Russell RB: Interrogating protein interaction networks through
structural biology. Proc Natl Acad Sci USA 2002, 99:5896-5901.
28. Qi Y, Bar-Joseph Z, Klein-Seetharaman J: Evaluation of different biological
data and computational classification methods for use in protein
interaction prediction. Proteins 2006, 63:490-500.
29. Dandekar T, Snel B, Huynen M, Bork P: Conservation of gene order: a
fingerprint of proteins that physically interact. Trends Biochem Sci 1998,
23:324-328.
30. Overbeek R, Fonstein M, D’Souza M, Pusch GD, Maltsev N: The use of gene
clusters to infer functional coupling. Proc Natl Acad Sci USA 1999,
96:2896-2901.
31. Marcotte EM, Pellegrini M, Ng HL, Rice DW, Yeates TO, Eisenberg D:
Detecting protein function and protein-protein interactions from
genome sequences. Science 1999, 285:751-753.
32. Enright AJ, Iliopoulos I, Kyrpides NC, Ouzounis CA: Protein interaction
maps for complete genomes based on gene fusion events. Nature 1999,
402:86-90.
33. Ge H, Liu Z, Church GM, Vidal M: Correlation between transcriptome and
interactome mapping data from Saccharomyces cerevisiae. Nat Genet
2001, 29:482-486.
34. Grigoriev A: A relationship between gene expression and protein
interactions on the proteome scale: analysis of the bacteriophage T7
and the yeast Saccharomyces cerevisiae. Nucleic Acids Res 2001,
29:3513-3519.
35. Jansen R, Greenbaum D, Gerstein M: Relating whole-genome expression
data with protein-protein interactions. Genome Res 2002, 2:37-46.
36. Pellegrini M, Marcotte EM, Thompson MJ, Eisenberg D, Yeates TO:
Assigning protein functions by comparative genome analysis: protein
phylogenetic profiles. Proc Natl Acad Sci USA 1999, 96:4285-4288.
37. Matthews LR, Vaglio P, Reboul J, Ge H, Davis BP, Garrels J, Vincent S,
Vidal M: Identification of potential interaction networks using sequence-
based searches for conserved protein-protein interactions or
“interologs”. Genome Res 2001, 11:2120-2126.
38. Gomez SM, Rzhetsky A: Towards the prediction of complete protein -
protein interaction networks. Pac Symp Biocomput 2002, 413-424.
39. Ng SK, Zhang Z, Tan SH: Integrative approach for computationally
inferring protein domain interactions. Bioinformatics 2003, 19:923-929.
40. Obenauer JC, Yaffe MB: Computational prediction of protein-protein
interactions. Methods Mol Biol 2004, 261:445-468.
41. Reiss DJ, Schwikowski B: Predicting protein-peptide interactions via a
network-based motif sampler. Bioinformatics 2004, 20(Suppl 1):I274-282.
42. Patil A, Kinoshita K, Nakamura H: Hub promiscuity in protein-protein
interaction networks. Int J Mol Sci 2010, 11:1930-43.
43. Cukuroglu E, Ozkirimi E, Keskin O: Hub promiscuity in protein-protein
interaction networks. Health Informatics and bioinformatics (HIBIT) 2010,
194.
44. Hsing M, Byler KG, Cherkasov A: The use of Gene Ontology terms for
predicting highly-connected ‘hub’ nodes in protein-protein interaction
networks. BMC Systems Biology 2008, 2:80.
45. Byler k, Hsing M, Cherkasov A: Predicting highly-connected hubs in
protein interaction networks by QSAR and biological data descriptors.
Bioinformation 2009, 4:164-168.
46. Byler k, Hsing M, Cherkasov A: The Use of Sequence-Derived QSPR
Descriptors for Predicting Highly Connected Proteins (Hubs) in Protein-
Protein Interactions. QSAR & Combinatorial Science 2008, 28:509-519.
Mirzarezaee et al. BMC Systems Biology 2010, 4:172
http://www.biomedcentral.com/1752-0509/4/172
Page 10 of 1147. Batada NN, Reguly T, Breitkreutz A, Boucher L, Breitkreutz BJ, Hurst LD,
Tyers M: Stratus not altocumulus: A new view of the yeast protein
interaction network. PLoS Biol 2006, 4:e317.
48. Agarwal S, Deane CM, Porter MA, Jones NS: Revisiting Date and Party
Hubs: Novel Approaches to Role Assignment in Protein Interaction
Networks. PLoS Comput Biol 2010, 6:e1000817.
49. Jin G, Zhang S, Zhang XS, Chen L: Hubs with network motifs organize
modularity dynamically in the protein-protein interaction network of
yeast. PLoS ONE 2007, 2:e1207.
50. Kaur H, Raghava GPS: A neural-network based method for Prediction of
gamma-turns in proteins from multiple sequence alignment. Protein Sci
2003, 12:923-929.
51. Kaur H, Raghava GPS: Prediction of beta-turns in proteins from multiple
alignment using neural network. Protein Sci 2003, 12:627-634.
52. Xie D, Li A, Wang M, Fan Z, Feng H: LOCSVMPSI: a web server for
subcellular localization of eukaryotic proteins using SVMand profile of
PSI-BLAST. Nucleic Acids Res 2005, 33:W105-W110.
53. Rashid M, Saha S, Raghava GPS: Support vector machine-based method
for predicting subcellular localization of mycobacterial proteins using
evolutionary information and motifs. BMC Bioinformatics 2007, 8:337.
54. Lin H, Li QZ: Using pseudo amino acid composition to predict protein
structural class: approached by incorporating 400 dipeptide
components. J Comput Chem 2007, 28:1463-1466.
55. Chou KC: Prediction of Protein Cellular Attributes Using Pseudo-Amino
Acid Composition. Proteins 2001, 43:246-255.
56. Park K-J, Kanehisa M: Prediction subcellular location by support vector
machines using composition of amino acids and amino acid pairs.
Bioinformatics 2003, 19:1656-1663.
57. Haralick R, Shanmugan K, Dinstein I: Textural features for image
classification. IEEE Transactions on Systems, Man and Cybernetcs 1973,
3:610-621.
58. Yu K: Theoretical determination of amino acid substitution groups based
on qualitative physicochemical properties. 2001 [http://cmgm.stanford.
edu/biochem218/Projects%202001/Yu.pdf].
59. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, Davis AP,
Dolinski K, Dwight SS, Eppig JT, Harris MA, Hill DP, Issel-Tarver L, Kasarskis A,
Lewis S, Matese JC, Richardson JE, Ringwald M, Rubin GM, Sherlock G: Gene
ontology: tool for the unification of biology. The Gene Ontology
Consortium. Nat Genet 2000, 25:25-29.
60. Camon E, Magrane M, Barrell D, Lee V, Dimmer E, Maslen J, Binns D,
Harte N, Lopez R, Apweiler R: The Gene Ontology Annotation (GOA)
Database: sharing knowledge in Uniprot with Gene Ontology. Nucleic
Acids Res 2004, 32:D262-266.
61. Rhee SY, Wood V, Dolinski K, Draghici S: Use and misuse of the gene
ontology annotations. Nat Rev Genet 2008, 9:509-515.
62. Ward JJ, Sodhi JS, McGuffin LJ, Buxton BF, Jones DT: Prediction and
functional analysis of native disorder in proteins from the three
kingdoms of life. J Mol Biol 2004, 337:635-645.
63. Mundra P, Kumar M, Kumar KK, Jayaraman VK, Kulkarni BD: Using pseudo
amino acid composition to predict protein subnuclear localization:
approached with PSSM. Pattern Recognit Lett 2007, 28:1610-1615.
64. Altschul SF, Wootton JC, Gertz EM, Agarwala R, Morgulis A, Schäffer AA,
Yu YK: Protein database searches using compositionally adjusted
substitution matrices. FEBS J 2005, 272:5101-5109.
65. Duda R, Hart P, Stork D: Pattern Classification. 2 edition. New York: John
Wiley and Sons; 2001.
66. Scholz M, Fraunholz M, Selbig J: Nonlinear principal component analysis:
neural network models and applications. In Principal Manifolds for Data
Visualization and Dimension Reduction. Volume 58. Edited by: Alexander N,
Gorban et al. LNCSE; 2007:44-67.
67. Hyvarinen A, Oja E: Independent Component Analysis: Algorithms and
Applications. Neural Networks 2000, 13:411-430.
68. Theodoridis S, Koutroumbas K: Pattern Recognition. 2 edition. New York:
Elsevier Academic Press; 2003.
69. Webb A: Statistical Pattern Recognition. 2 edition. New York: John Wiley and
Sons; 2002.
70. Zhuang X, Huang Y, Palaniappan K, Zhao Y: Gaussian mixture density
modeling, decomposition and applications. IEEE Transactions on Image
Processing 5:1293-1302.
71. Diplaris S, Tsoumakes G, Mitkas P, et al: Protein classification with multiple
algorithms. In Proceeding of 10th Panhellenic Conference in Informatics: 11-13
November 2005; Volos. Edited by: Bozanis P, Houstis EN. Springer-Verlag;
2005:448-456.
doi:10.1186/1752-0509-4-172
Cite this article as: Mirzarezaee et al.: Features analysis for identification
of date and party hubs in protein interaction network of Saccharomyces
Cerevisiae. BMC Systems Biology 2010 4:172.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Mirzarezaee et al. BMC Systems Biology 2010, 4:172
http://www.biomedcentral.com/1752-0509/4/172
Page 11 of 11